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A B S T R A C T
Objectives: Meta-analyses typically compute a treatment effect size (Cohen’s d), which is
readily converted to another common measure, the binomial effect size display (BESD).
BESD is the correlation coefficient and represents a percentage difference in outcome at-
tributable to an intervention. Both d and BESD are in arbitrary units; neither measures the
absolute change resulting from intervention. The method used to estimate absolute change
from BESD assumes both a 50-50 split of the outcome and a balanced design. Consequently,
inaccurate assumptions underpin most meta-analytic estimates of the gain resulting from
an intervention (and of its cost effectiveness). This article develops an exact formula with-
out these assumptions.
Methods: The formula is developed algebraically from 1) the formula for the correlation
coefficient represented as a 2-by-2 contingency table constructed from the relative size of
the treatment and control groups and the percentage of people who would have the condi-
tion absent intervention, and 2) the BESD correlation coefficient formula showing change in
success probability with treatment.
Results: Simulation reveals that BESD only approximates the reduction in the outcome an
intervention might well achieve when the problem outcome occurs in 35%-65% of cases. For
less common outcomes, BESD substantially overestimates the impact of an intervention.
Even when BESD accurately estimates the likely percentage change in outcome, it paints a
misleading picture of the proportion of cases that will achieve a positive outcome.
Conclusion: It is time to retire BESD. Our equations can also guide effect size estimation
from difficult articles.
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145V A L U E I N H E A L T H 1 4 ( 2 0 1 1 ) 1 4 4 – 1 5 1ntroduction
meta-analysis estimates the effect of an intervention by
omputing the weight of the evidence across a collection of
ndependent evaluations. Typically, for each study, meta-an-
lysts compute the “effect size” (or Cohen’s d), which is the
ifference in population means for the outcome of interest
ormalized by dividing by the pooled standard deviation. Co-
en’s d measures the distance in units of standard deviations
etween outcomes with and without treatment. This allows
tandardized comparison of studies that measured an out-
ome in differing ways, e.g., scores on the Beck’s depression
nventory versus scores on the mental functioning compo-
ent of the Short Form 36 health assessment [1]. The cap-
tones of many meta-analyses are grand mean effect sizes
hat weigh the evidence from all available studies or from
omogeneous subsets [2].
Users of a meta-analysis want to know the expected
hange in outcome rather than an abstract effect size. For
xample, to perform either a benefit-cost analysis or a cost-
tility analysis, we need to know the absolute change in out-
ome that resulted from an intervention. When estimated as a
tandardized difference, effect sizes do not provide that infor-
ation. Even if all the studies used the same outcome mea-
ure, simply computing a grand mean outcome change would
ot be very satisfactory because the grand mean would not
djust for variability around the means of individual studies.
oreover, meta-analyses and even the studies underlying
hem sometimes do not report the data necessary to compute
he absolute change in outcome obtained across interven-
ions.
A widely accepted method to convert Cohen’s d results into
bsolute differences is to divide the statistic by the square root
f (d * d 4). The resulting statistic is called the binomial effect
ize display (BESD) [3]. BESD is equivalent to the correlation
oefficient between the intervention and the outcome ex-
ressed as a percentage difference score; it depicts the rela-
ionship between the outcome and membership in the treat-
ent versus the control group. Whether expressed as a
orrelation coefficient or as BESD, the estimate is still dimen-
ionless.
Rosenthal and Rubin [3] introduced BESD to show how
ven rather small effect sizes could have large effects if the
opulation size was taken into account. For practitioners and
olicy makers BESD greatly facilitates understanding of the
eal-world importance of a series of studies that cumulate into
combined Cohen’s d effect size that seems rather small [4].
Estimating the absolute change resulting from intervention
sing BESD relies on two highly suspect assumptions: a) 50% of
he study subjects were in the treatment group and 50% were in
he control group, and b) across treatment and control cases
ombined, 50% of the sample has positive outcomes and 50% has
egative outcomes [5]. These assumptions are met only when
he percentage difference in outcomes equals BESD, and multi-
lication of BESD times the mean outcome yields the estimated
bsolute reduction [6]. They do not hold for unbalanced designs
r, for example, for impaired driving or youth substance abuse
revention programs that typically reduce problems by 5% to5% [7]. Consequently, BESD overestimates effects, with overes-
imation rising if the design is unbalanced [5,8].
This article presents two results. First, it derives a formula
or computing the absolute difference in outcome from BESD
hen the combined mean outcome is known for the pooled
reatment and control groups (or pre- and post-intervention).
econd, and more useful, it derives a formula for computing
he absolute difference in outcome when the mean outcome is
nown for the pooled multi-study control group (which it gen-
rally is reasonable to assume equals the outcome level in the
eneral population of eligible controls nationwide; e.g., high
chool students or people with hypoglycemia). Both formulas
lso allow the percentage of the study population in the treat-
ent group to vary. After deriving the formulas, this article
ystematically assesses the impact of using them instead of
he conventional BESD simplification to estimate the percent-
ge effectiveness of intervention. It then uses two substance
buse prevention and early intervention examples to illus-
rate the computations.
ethods
ur analysis builds from two published pieces of mathemat-
cs. The first describes how to compute the correlation coeffi-
ient from a contingency table displaying the outcomes of a
reatment-control or pre-post experiment [6,9]. Table 1 de-
icts how the contingency table rows and columns are ar-
ayed and the formula used to compute r (also known as the
hi coefficient). The formula is:
 A DB C ⁄ SQRTAB
 CD  AC  BD (1)
epending on whether the research being summarized is a
reventive intervention or a treatment study, the cell refer-
nces may be characterized differently. Cell A refers to those
ho have the treatment and whose condition improves or to
hose who receive a preventive intervention and do not dis-
lay the outcome. Cell B includes those who are treated and
ho do not improve or those who receive the intervention and
ho nonetheless display the outcome. Similarly, Cell C con-
ains those who were not treated or did not receive the inter-
ention who exhibited the outcome, whereas Cell D includes
hose in the control group who did not display the outcome or
ho improved without the benefit of intervention. We define
he marginal sums in Table 1 so the row totals sum to 1.0. The
tated purpose of computing BESD is to allow effect sizes to be
Table 1 – Relationship between a contingency table
display of experimental outcomes and the correlation
coefficient r, where r = (A*D–B*C)/SQRT((A+B)*(C+D)*
(A+C)*(B+D)).
Positive outcome Not improved Total
Treatment A B AB
Control C D CD
Total AC BD 1
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146 V A L U E I N H E A L T H 1 4 ( 2 0 1 1 ) 1 4 4 – 1 5 1isplayed in a similar contingency table format with each row
otal and each column total summing to 1.0 or 100% [3].
Rosenthal [10,11] purports to extend the BESD work, deriv-
ng percentage differences when the assumption of equal
roup sizes does not hold. Falk and Well [6], however, prove
hat Rosenthal’s approach implicitly and incorrectly assumes
hat r (i.e., BESD) measures the change in success probability
ith treatment as it would with equal group sizes. They derive
he second mathematical formula, which essentially is a two-
y-two contingency table representation of BESD described as
he fractional change in outcome from the level in the control
roup. The formula is:
A ⁄ ABC ⁄ CD (2)
oreover, Rosenthal [10,11] concedes that the BESD is only an
pproximation, acknowledging that it is not accurate when a
ontingency table is quite asymmetric. Randolph and Ed-
ondson [4] offer a thoughtful discussion of the issue, con-
luding that a major reason for using a BESD contingency table
s that meta-analyses often do not (and if measures are not
ully commensurate, cannot) report the raw data needed to
onstruct a more accurate contingency table.
This article proceeds by defining the contents of selected
ows in the contingency table, using equation 1 to compute a
ormula for the value of A given r, and using that result to
onstruct the remaining cells of the contingency table. Equa-
ion 2 then can be used to compute the absolute percentage
hange from the calculated contingency table values.
First, we derive equations for the case where the aggregate
ercentage outcomes for treatments and controls combined
i.e., the marginals AC and BD) are known. Let x  the
ercentage of subjects who were controls and y the percent-
ge of subjects with positive outcomes. Table 2 shows the
elevant contingency table. Our task is to derive formulas for
ells A, B, C, and D. We start with equation 1.
 ADBC ⁄ SQRTABCDACBD
 ADBC ⁄ SQRT1xxy1y (3)
ince the marginal is the sum of the cells,
yA (4)
 1yD (5)
xC (6)
ubstituting equations 4 and 5 into equation 3,
 AD yA1yD ⁄ SQRT1xxy1y
 y2yyDAyA ⁄ SQRT1xxy1y (7)
ubstituting equation 4 into equation 6,
Table 2 – Contingency table with known marginals.
Positive outcome Not improved Total
Treatment A B 1x
Control C D x
Total y 1y 1xyA (8)
ubstituting equation 8 into equation 7,
r SQRTx1xy1yAy1x or (9)
Ay1x r SQRTx1xy1y (10)
he contingency table can be constructed from equations 10, 8,
, and 5, given that x, y, and r are known. Equation 2 will yield the
esired percentage change in the pooled success rate y.
Next, consider the more difficult and more realistic case
here only the success rate absent targeted intervention is
nown, e.g., the percentage of youth who will not begin drink-
ng before age 21 or the percentage of heavy drinkers who will
ut down. We define w as the percentage of control group
ubjects with positive outcomes. This percentage need not
ome from the control group, but can be imputed using estab-
ished population estimates. Cell C then becomes w times x
the percentage of subjects who are in the control group). Ta-
le 3 displays the relevant contingency table.
Again we start with the equation for r.
 ADBC ⁄ SQRTABCDACBD
 Ax1wBxw ⁄ SQRT(1xxAxwBxxw
(11)
From the marginal in the first row, we compute
 1xA and substitute it into 11, obtaining (12)
 AxAxwxwwx2Axw ⁄
SQRTx1xAxw1Axw
 Axxwwx2 ⁄ SQRTx1xAxw1Axw
(13)
ultiplying both sides by the square root term, and then
quaring both sides, we obtain
2x1xAxw1Axw
 Axxwwx22 which simplifies to (14)
21xAxw1AxwxAwwx2 or (15)
21xA2A 2Axwxw xw2
A2x 2Axwxwxwxw2
A2x 2Axwx 1xw2x 12
(16)
o simplify the notation, let (16) K  r21  x. Rearranging
erms,
 xK A2 2 xwKx 1K A
Table 3 – Contingency table with known percentage of
the control population that will have a positive
outcome.
Improved Not improved Total
Treatment A B 1–x
Control xw x(1–w) x
Total A  xw B  x(1–w) 1Kxw2xwxw2x 12 (17)
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 xwKxw 1wx 12 (18)
quation (18) is a quadratic equation of the form A2  bA  c
hich can be solved with the quadratic formula, obtaining
 b sqrtb2 4ac ⁄ 2a (19)
The square root term should be added if the correlation
oefficient is positive (i.e., the treatment is associated with a
roblem reduction) and subtracted if it is negative. (A spread-
heet that automates these calculations if you enter r, x, and y
s available from the lead author [T.R.M.].) Equation (12) then
ields B.
Once the contingency table is constructed, equation (2)
ields the percentage change in outcome associated with in-
ervention relative to the outcome rate in the untreated pop-
lation.
The constructed contingency tables also can be used to com-
ute odds ratios of a positive outcome given intervention or rel-
Table 4 – Percentage error in the outcome achievable with
formula to estimate the percentage reduction in the treated
control group, the effect size, and the relative number of p
Percent of controls
with outcome
Cohen’s d
0.05
Cohen’s d
0.25
Eq
10% 68% 98%
20% 25% 38%
30% 9% 16%
40% 2% 5%
50% 0% 1%
60% 2% 0%
80% 25% 15%
10% 59% 100%
20% 18% 36%
30% 3% 13%
40% 4% 1%
50% 6% 4%
60% 4% 6%
80% 17% 5%
10% 58% 77%
20% 18% 26%
30% 3% 7%
40% 4% 2%
50% 6% 5%
60% 4% 5%
80% 18% 11%
10% 34% 45%
20% 0% 5%
30% 13% 10%
40% 18% 17%
50% 20% 20%
60% 18% 19%
80% 0% 4%
Note: Truncated means that at lower problem levels, the table entries
number of treatments with the problem was reduced to less than ze
BESD, binomial effect size display.tive risk of a positive outcome in the treatment group relative to
he control group. The relevant formulas are:
dds Ratio A ⁄ B ⁄ C ⁄ DAD ⁄ BC (20)
elative Risk Ratio A ⁄ AB ⁄ C ⁄ CD. (21)
n keeping with the intent of BESD to present an easily under-
tood representation of the effect size, we recommend rescal-
ng the true contingency table in the same manner that
osenthal [12] rescaled the BESD table. The rescaled table con-
rasts outcomes if all of the cases were in the treatment group
ersus in the control group. To rescale one multiplies cells A
nd B times 1/(1x) and cells C and D by 1/x.
A spreadsheet automating our formulas is available from the
orresponding author (T.R.M.). To check it, we used the AZT
reatment example from Rosenthal [12] as reproduced in Table 2
f Thompson and, Schumacker [5]. We computed the standard
eviations as 0.083 for AZT, 0.322 for controls, and 0.2316 pooled,
ielding a Cohen’s d value of 0.4743. The rescaled true table com-
vention that results from using the conventional BESD
blem, as a function of the problem level in the untreated
in the treatment and control groups.
Cohen’s d
0.50
Cohen’s d
1.00
Truncated?
umbers of treatments and controls
129% Y
53% 66% Y
24% 39% Y
10% 22%
3% 10%
0% 3%
8% 1%
Two treatments per control
153% 163% Y
59% 89% Y
25% 53%
9% 27%
0% 12%
5% 2%
2% 6%
Two controls per treatment
89% Y
36% 39% Y
12% 18% Y
1% 7% Y
4% 1%
6% 5%
5% 1%
Four controls per treatment
47% Y
9% Y
7% 6% Y
16% 14% Y
19% 18% Y
20% 20%
8% 13%
times are bounded as too large an effect size which would mean theinter
pro
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148 V A L U E I N H E A L T H 1 4 ( 2 0 1 1 ) 1 4 4 – 1 5 1uted with our formulas exactly matched the true proportions
hown in the middle section of Table 2.
Our formulas also provide a method to compute Cohen’s d
f an article includes the data needed to construct the contin-
ency table, and thus to compute r, or if it provides the corre-
ation coefficient. Recall that the definition of BESD as a func-
ion of Cohen’s d is r  d⁄d2  4. Multiplying through and
earranging terms, we obtain the binomial equation
d2 d 4r 0 (22)
hich can be solved with the quadratic formula as
 1SQRT1 16r2 ⁄ 2  r. (23)
esults
umerical impact
egrettably, the errors that result from using the conventional
ESD formula to estimate the magnitude of an intervention’s
ffects are often large. Table 4 shows the percentage error in
ercentage effectiveness (i.e., 100% – effectiveness computed
ith BESD divided by effectiveness computed correctly). The er-
ors are tabulated for selected effect sizes (Cohen’s d), problem
ates in the untreated population and designs. The table gives
rror estimates for four designs: balanced, which is the most
fficient design for a prospective study; two treatments per con-
rol; two controls per treatment; and four controls per treatment
a design that often arises in secondary data analyses of natural
xperiments or in other health services research where the
umber of treated individuals is limited, but the cost of adding
xtra controls is minimal). An effect size of 1.0 means that the
ntervention reduces the problem by one full standard deviation
hereas an effect size of 0.05 indicates hardly any difference
xists between treatment and comparison groups. In primary
revention, meta-analytic results usually find Cohen’s d values
n the 0.05 to 0.25 range [13,14]. At lower problem levels, the
imulation table entries sometimes had to be truncated because
too-large effect size would mean the problem was reduced
elow complete elimination.
With a balanced design, or with more treatments than con-
rols, the BESD formula always overestimates the percentage im-
rovement in outcomes. When less than 30% of the population
ould suffer from a problem without intervention, the outcome
and any associated benefit-cost ratio) is likely to be overesti-
Table 5 – BESD for five school-based substance abuse prev
substance use by substance and program cost per pupil.
Alcohol Cocaine
All Stars 7.0% –
Family Matters 6.9% –
Keepin’ It Real 10.9% –
Life Skills Training 1.0% 3.6%
Project Alert – 5.1%
Source: Percentages computed from Cohen’s d effect sizes in Aos et a
BESD, binomial effect size display.ated by at least 10% of its true value. Most often the outcome is
verestimated by at least 25%. For example, if 20% of adults are
eavy drinkers and an intervention reduces heavy drinking by
n effect size of d 0.25, suppose the actual benefit-cost ratio of
he intervention would be 2.00. If, however, the 0.25 d-score is
ranslated using BESD, then the resulting benefit-cost ratio
ould be overestimated to be 2.76 (2*[10.38], where 0.38 repre-
ents the 38% error shown in the first panel of Table 4).
With more cases in the control group than the treatment
roup, the impact of the incorrect formula is smaller. Using
he formula often results in underestimating the savings from
he intervention.
We also examined the effects of the conventional BESD for-
ula on the accuracy of the computed odds ratio. The conven-
ional formula always underestimated the odds ratio in the bal-
nced design. The adverse impact rose with Cohen’s d but fell as
he percentage of the control group with the problem rose. The
dds ratio with the conventional formula never exceeded 6.854,
ut in reality it sometimes exceeded 20.
llustrative applications
his section works two examples to illustrate the methods. The
xamples build on meta-analyses of the effects of 1) school-
ased prevention programs that aim to reduce youth initiation of
lcohol, tobacco, marijuana, and cocaine use [14], and 2) brief
otivational interventions by physicians that reduce the alcohol
onsumption of non-dependent problem drinkers [15].
xample 1
able 5 shows BESD estimates of success in delaying experi-
entation with substances by substance for five school-based
rograms on the National Registry of Evidence-based Pro-
rams and Practices maintained by the US Substance Abuse
nd Mental Health Services Administration. (In the United
tates, alcohol consumption is illegal for youth under age 21.)
e computed the BESD estimates from meta-analytic esti-
ates of Cohen’s d effect sizes [13,14]. On average, the pro-
rams delay initiation by 2 years [7]. According to the meta-
nalyses, only Life Skills Training and Project Alert have
emonstrated an ability to reduce cocaine experimentation.
onversely, Project Alert is the only one of the five programs
hat does not show a statistically significant impact on alcohol
nd tobacco use. None of the programs is dominated by an-
n programs, showing success in delaying initiation of
Marijuana Tobacco Cost/pupil
6.5% 7.0% $140
– 7.1% $160
5.0% 2.5% $130
3.5% 8.5% $220
3.7% – $120
] and Hansen et al. [13]. Costs from Miller and Hendrie [7].entio
l. [14
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149V A L U E I N H E A L T H 1 4 ( 2 0 1 1 ) 1 4 4 – 1 5 1ther (i.e., no program does a better prevention job than an-
ther on all four substances and also has a lower price) [7].
The last column in Table 5, drawn from [7], depicts the
stimated cost of each program including the cost of training
rogram delivery personnel. Life Skills Training is the most
ostly. Project Alert and Keepin’ It Real are the least costly.
Table 6 shows the probability that, absent intervention,
tudents in the United States would experiment with a sub-
tance by the end of high school [16]. The probabilities range
rom 18% for cocaine use to 78% for tobacco use. Table 6 also
hows the effectiveness for each program computed with
ur formulas from BESD and the initiation probabilities, un-
er the assumption that half the trial participants were in
he treatment group. A comparison of Tables 5 and 6 reveals
hat the BESD approximation is quite accurate for alcohol
nd marijuana, less accurate for tobacco, and considerably
ess accurate for cocaine. The level of inaccuracy rises as the
ESD assumption that the outcome level for the pooled
reatment and control groups is 50% becomes increasingly
naccurate.
By program, multiplying the effectiveness estimates times
he initiation probabilities yields the fractional reduction in
nitiation per pupil in the prevention program (with dashes in
able 6 representing “no reduction” or an effect that was not
ssessed and is assumed to be zero). Multiplying the fractional
eduction times by the cost per student who uses each sub-
tance from [17], then dividing by the cost per pupil yields a
enefit-cost ratio (BCR). The last two columns summarize the
rue BCRs and the BCRs computed from BESD. Using BESD
ould overestimate one BCR by more than one-third and
hree others by at least 10%. With a different array of preven-
Table 6 – Probability that students in the general populatio
school, percentage of students who delayed experimentati
Alcohol Cocaine
Initiation Probability 0.58 0.18
All Stars 0.070 
Family Matters 0.069 
Keepin’ It Real 0.109 
Life Skills Training 0.010 0.027
Project Alert  0.037
Source: Miller and Hendrie [7], BESD effect computed for this article u
BCR, benefit-cost ratio; BESD, binomial effect size display.
Table 7 – Drinks per day pre and post in control trials of brie
Control
n Mean Pre Chang
Anderson and Scott [18] 74 5.36 0.93
Babor and Grant [19] 317 3.89 0.59
Chick, Lloyd, and Crombie [20] 64 5.56 2.74
Scott and Anderson [21] 39 3.69 1.01
Wallace, Cutler, and Haines [22] 459 4.49 0.63
Pooled 953 4.40 0.80
Source: Cohen’s d from Bien et al. [15]. Case counts and means came f
estimate of Cohen’s d was computed using inverse variance weights.ion programs, that variability could be enough to skew re-
ource allocations.
xample 2
able 7 summarizes Cohen’s d effect sizes from the meta-anal-
sis by Bien et al. [15] and data from the individual articles for
elected brief motivational interventions for problem drinkers. It
lso summarizes the drinking reductions in the treatment and
ontrol groups in the relevant studies unadjusted for covariates.
he variance-weighted mean effect size across the studies is
0.28. A Cohen’s d value of 0.28 equates to a BESD of 0.139,
hich becomes the value for r in equation 16. We analyzed 2004
ational Survey on Drug Use and Health (NSDUH) data using the
n line tabulation system, finding that across the nation an esti-
ated 35.5% of alcohol consumption was by people who were
ot problem drinkers (defined as people averaging more than
wo drinks per day or drinking more than 4 drinks in one session)
w in equation 18). In Table 7, 57.4% of the subjects were in the
reatment group (x in equation 18). With those values, K 0.011,
 0.433668, b  0.18218, and c  0.01628. Table 8 shows the
alues for A, B, C and D in contingency table format. In sensitivity
nalysis, we instead let w equal the fraction of alcohol consump-
ion by heavy drinkers that does not exceed guidelines. In that
ase, w  0.277 was based on consumption data from [23] and
aximum weekly consumption guidelines of 14 drinks for
omen and 21 for men.
Table 8 compares the standard BESD contingency table
with the coefficients set to sum to 1.0) with the true contin-
ency table and the true contingency table if half the cases had
een in the treatment group, revealing true tables for both
nterpretations of w. The BESD table suggests that brief inter-
uld experiment with a substance by the end of high
y substance, true BCR, and BCR computed from BESD.
juana Tobacco True BCR BESD BCR
62 0.78
064 0.060 34.0 37.5
 0.061 30.1 33.3
049 0.021 28.0 29.7
034 0.074 20.6 23.9
036  6.0 8.1
their model and the BESD conversion formula.
sician interventions for problem drinkers and Cohen’s d.
Treatment Combined
n Mean Pre Change Treated -
control
Cohen’s d
80 5.20 1.54 0.61 0.42
656 4.05 1.43 0.84 0.32
69 5.56 2.98 0.24 0.07
33 3.56 1.17 0.16 0.03
448 4.38 1.31 0.67 0.35
1286 4.30 1.47 0.70 0.28
he articles and personal communication with Thomas Babor. Pooledn wo
on b
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150 V A L U E I N H E A L T H 1 4 ( 2 0 1 1 ) 1 4 4 – 1 5 1ention reduces consumption by 13.9% (0.139). Equation 2
hows the true reduction is 13.9% (0.284/0.574 0.151/0.426
0.139) with a reduction of 13.4% in sensitivity analysis. In
his case, the conventional BESD formula provides a reason-
ble approximation of the percentage decrease. However, the
ESD table sets up misleading expectations about the effec-
iveness of intervention. It suggests that 57% of problem cases
ould be resolved if one intervened. In reality, only 49.4%
41.2% in sensitivity analysis) would be resolved. BESD exag-
erated the number of positive outcomes in the control group.
iscussion
his article derives formulas that can be used to more accurately
onvert meta-analysis results into actual outcomes (which
akes it possible to use the meta-analytic results to perform a
enefit-cost analysis). Although the computation formulas ap-
ear complex, they contain only three parameters and are
eadily programmed in a spreadsheet. If the problem outcome
ccurs in roughly 35%-65% of the control population, following
onventional practice and assuming BESD is the percent reduc-
ion in the outcome achievable with intervention will yield vir-
ually the same results as the formula. The rarer the outcome of
nterest, the worse the BESD estimate becomes. Using it can
ause a very substantial overestimate of the outcome achieved
y and benefit-cost ratio for an intervention.
Although this article has focused on the utility of this ap-
roach for converting meta-analytic results to contingency evi-
ence, the approach works just as well for converting summary
ndings from primary research reports. Meta-analytic transfor-
Table 8 – Comparison of the BESD contingency table, the
true contingency table, and rescaled tables comparing
outcomes if all the cases were in the treatment group or
in the control group and the total row is omitted.
Positive
outcome
Not
improved
Total
BESD table
Treatment 0.285 0.215 0.500
Control 0.215 0.285 0.500
Total 0.500 0.500 1
True table
Treatment 0.284 0.291 0.5744
Control 0.151 0.275 0.426
Total 0.354 0.646 1
Rescaled BESD table
Treatment 0.570 0.430 1.00
Control 0.430 0.570 1.00
Rescaled true table, w  0.355
Treatment 0.494 0.506 1.00
Control 0.355 0.645 1.00
Rescaled True Table, w  0.277
Treatment 0.412 0.588 1.00
Control 0.278 0.722 1.00
Source: BESD table computed from equations 10, 8, 4, and 5 with x
and y both assumed to equal 0.5. True tables computed from equa-
tions 12 and 19.
BESD, binomial effect size display.ations, such as those found in Lipsey and Wilson [1] can besed to convert into Cohen’s d findings presented as chi-square
oefficients, means and standard deviations, F-tests with one
egree of freedom, and Student t tests. Using the d to r conver-
ion, findings presented in each of these formats can be accu-
ately converted into effect size displays without relying on the
ften questionable assumptions inherent in the BESD.
BESD assumes a 50–50 split in outcome, which is not sup-
orted by the base rates for most outcomes that our interven-
ions are designed to address. Nonetheless, it is a convenient
ethod for translating standardized estimates into the esti-
ated absolute change in outcome in a population. As such, it
eems a helpful metric for policy makers and others interested in
he expected impact of an intervention, but unskilled in statisti-
al theory or uncomfortable with arbitrary metrics such as d or
hi-square. Unfortunately, as this article demonstrates, the
ESD is upwardly biased and may create unrealistic expecta-
ions of the potential impact of interventions. The methods pre-
ented will produce a more accurate estimate of the potential
bsolute change in outcome that might be expected from social
nd other interventions. They provide a better method for trans-
ating study findings for statistically unsophisticated audiences.
The standard BESD approximation formulas too often yield
naccurate estimates. Even when BESD accurately estimates
he likely percentage change in outcome, it paints a mislead-
ng picture of the proportion of cases that will achieve a posi-
ive outcome. It is time to retire BESD. The contingency table
uilt from our equations is accurate and retains BESD’s trans-
arency and ease of comprehension. It clearly and correctly
onveys the expected gain from intervention.
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